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Abstract 
In the Dial-a-Ride public transportation systems, each customer requirement is specified in terms of a pickup 
(origin), of a delivery (destination) and of a time window within it has to be satisfied. The aim is to find a set of 
routes, each assigned to a vehicle, in order to satisfy the set of requests, under capacity, time windows, precedence 
and pairing conditions. It is usually assumed that the demand of a request, picked up at its origin, is exactly 
delivered at its destination (one-to-one service) and that the fleet of the vehicles is based at a single depot. From a 
modelling point of view, the problem could be addressed as a one-to-one capacitated Pickup and Delivery Problem 
with Time Windows (PDPTW) and therefore, the mathematical formulation presents, beyond the traditional capacity 
constraints on the vehicles, also the pairing, the precedence and the time windows conditions. In particular, the 
pairing conditions guarantee that each couple (pickup, delivery) has to belong to the same route while the 
precedence constraints impose that each pickup has to be served before the associated delivery. This paper addresses 
the problem with the aim of optimizing, at the same time, the maximum total ride time and the total waiting time. 
Then, a bi-objective PDPTW with a constraint on the maximum duration of each route is proposed and solved by a 
two-step approach. In particular, the first step determines a set of feasible routes by meta-heuristics. These routes are 
used in second step in a bi-objective set partitioning formulation solved by the epsilon-constraint method to generate 
efficient solutions. The parameters of the meta-heuristics are properly set by a racing procedure. Computational 
experiments on some benchmark instances are carried out to assess the performance of the proposed approach. 
© 2014 The Authors. Published by Elsevier B. V. 
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1. Introduction 
In the Dial-a-Ride systems, the aim is to handle a set of users; each of them requires a transportation service, in 
terms of origin for the picking, destination for the delivery, time windows for both the picking and the delivery and 
finally, a demand. The vehicles used for performing the transportation services are usually assumed to be 
homogeneous and therefore, they are characterized by the same capacity. Moreover, the term route denotes a service 
schedule performed by a vehicle, starting from the depot and arriving to the depot itself.  
Several real life applications of the Dial-a-Ride Problem (DARP) aim to provide elderlies and disables, for 
example, with efficient door-to-door transportation services. From a high level perspective, the DARP shares some 
features with the Pickup and Delivery Problem with Time Windows (PDPTW). As known, the PDPTW belongs to 
the most general class of Vehicle Routing Problem (VRP) and presents some issues similar to those characterizing 
the VRP with Time Windows (VRPTW). In particular, on the contrary of the PDPTW, in the VRPTW, the users 
share the same destination (i.e., the depot). Therefore, the DARP could be modeled as a PDPTW, with the aim of 
optimizing different objectives such as the Total Travel Time (TTT); the Total Waiting Time (TWT); the Maximum 
total Ride Time (RTMAX) to cite a few. In particular, the waiting time is computed by considering that if a vehicle 
arrives before the left side of the time window of a user, it has to wait before starting the service. Instead, the ride 
time of a user is the time spent on board, i.e., the time from the user’s departure until his/her arrival at destination. In 
some applications, a time length constraint is also imposed on the total duration of a route. This last aspect is usually 
introduced for considering, among the other things, the time spent on board, without pauses, by a driver. Since, as 
already said, traditional applications of the DARP occur in door-to-door transportation systems in which the users 
are usually elderlies and/or disables, the addressed problem presents an extreme importance especially from a social 
point of view.  
The main contributions of this paper can be summarized as in the following: a) analysis of a bi-objective PDPTW 
with a constraint on the total time duration of each route for optimizing TWT and RTMAX, simultaneously; b) analysis 
of the meta-heuristic based on Tabu embedded Simulated Annealing Algorithm proposed by Li and Lim (2003) and 
of the genetic algorithm proposed by Hosny & Mumford (2010). In particular, the tuning of the control parameters 
of the genetic algorithm described in the last work is performed through a F-Race approach (Birattari et al.,2002); c) 
development of a two-step approach in which the first step consists in heuristically populating a set of feasible 
routes. Then, the second step solves several set partitioning models, according to an epsilon-constraint framework, in 
order to approximate the Pareto fronts. The rest of the paper is organized as in what follows: Section 2 overviews 
the literature; Section 3 describes the problem under investigation, while Section 4 details the solution approach 
proposed to address the problem at hand. Section 5 reports some computational results and finally, Section 6 
concludes the work. With the aim of proving a clear description of our methodology, the following nomenclature of 
the notation used in the work is given. 
Nomenclature 
P Set of n pickup requests 
D  Set of n delivery requests 
V Set of pickup and delivery requests plus the depot (0) such that V=PD{0} 
tij Travel time between the two requests i and  j 
lbi Lower Bound on the time window associated to the request i 
ubi Upper Bound on the time window associated to the request i 
qi Demand associated to the request i 
si Service time required at the request i 
Π  Set of feasible routes, heuristically generated 
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2.  Literature Review 
The Dial-A-Ride problems (DARP) are generalizations of Pickup and Delivery Problems with Time Windows 
(PDPTW). In the DARP, people are transported instead of goods. This gives rise to the issue of service quality 
which can be ensured either through additional constraints or with extra terms in the objective function. 
The DARP with time windows finds also applications in the transportation of weak citizens like elderlies, 
disables and children, as in Madsen et al. (1995) where the optimization of multiple objectives is considered. The 
capacity of each vehicle is evaluated in terms of number of normal seats, of seats for children and of places for 
wheel chairs while, among the objectives, the minimization of the driving times is taken into account. In Toth and 
Vigo (1996), the problem of optimally scheduling a fleet of vehicles is addressed with the aim of providing transport 
services of handicapped persons in urban areas. Some fast and effective local search procedures are proposed for 
solving the problem in reasonable times. A Tabu Search based heuristic is described in Cordeau and Laporte (2003) 
for the DARP with time windows including capacity constraints and conditions on the maximum duration of the 
route and the total ride time of each user. In Diana and Dessouky (2004), a parallel regret insertion heuristic is 
implemented for the DARP with time windows and it is tested on realistic scenarios, generated in the area of Los 
Angeles County. A significant contribution is the work of Cordeau (2006) in which a mathematical formulation of 
the DARP is proposed by imposing capacity, time windows, precedence, pairing and ride-time constraints. Then, a 
Branch-and-Bound algorithm is designed for solving a set of randomly generated instances. The readers can find a 
detailed overview on both models and algorithms for solving the DARP and its variants in Cordeau and Laporte 
(2007). In Paquette et al. (2009), a detailed analysis of the problem is given from the service quality point of view 
and the quality specifications used, in the years, by the operations researchers are overviewed. Among these, some 
scientific contributions are quoted with reference to time windows satisfaction and to the minimization of the 
waiting time during the ride, for instance. In Jorgensen et al. (2007), a genetic algorithm is designed for the DARP 
with the aim of optimizing the total transportation cost under service level constraints. In Parragh et al. (2012), some 
models and algorithms are proposed for the DARP in the case of heterogeneous fleet of vehicles and constraints 
related to the drivers. In Muelas et al. (2013), a variable neighborhood search is designed for a DARP in the context 
of large cities. In fact, the solution approach is tested by considering the city of San Francisco. A granular tabu 
search algorithm is designed for the DARP in Kirchler and Wolfler Calvo (2013) while in Guerriero et al. (2013), a 
hybrid meta-heuristic is proposed for the static DARP with heterogeneous vehicles and fixed costs. In Masson et al. 
(2014), a DARP with transfers is addressed by allowing that users may change the vehicle during the trip (i.e., a 
transfer). They design an adaptive large neighborhood search for solving the problem on real life scenarios.  
As also highlighted in Ropke and Cordeau (2009), the DARP with time windows can be seen as an application of 
the most general PDPTW to the door-to-door transportation systems especially in the case of elderlies and disables.  
For surveys on both the DARP and the PDPTW, the readers are referred to Cordeau and Laporte (2007) and Parragh 
et al. (2008a,b). 
In particular, these two problems share the same general features but, among the objectives, the DARP usually 
emphasizes the minimization of the waiting and/or the ride time. Several recent scientific contributions exist in 
literature with reference to the multi-objective DARP with time windows and this highlights the extreme importance 
of such a problem. A bi-objective DARP with time windows has been already addressed in Parragh et al. (2009), in 
which a two-step heuristic is designed with the aim of optimizing the total routing costs and the mean user ride time, 
simultaneously. In the first phase, an iterated variable neighborhood search is proposed for generating solutions 
optimizing the exact weighted sum of the two objectives while in the second step, a path relinking module is 
designed by starting from the solutions found previously. Unlike this paper, we minimize the total waiting time and 
the maximum total ride time by also introducing an additional constraint on the total time duration of each route. 
Moreover, for finding feasible solutions, different heuristic approaches are used with a F-Race based tuning of the 
parameters. In Chevrier et al. (2012), an evolutionary approach is hybridized with a local search for a three-objective 
DARP. In particular, the minimization of the number of used vehicles, the duration of the routes and the possible 
delays are aimed.  In Liao and Ting (2013), an evolutionary algorithm, combined with a local search, is designed for 
the PDP to minimize the total travel distance and the vehicle capacity required. In Paquette et al. (2013), a multi-
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objective DARP is addressed with the aim of optimizing the cost and some service quality criteria, simultaneously. 
For this purpose, a meta-heuristic that properly combines the reference point method within a tabu search 
mechanism is described. 
The aim of this paper is to address a Multi-vehicle, Bi-objective Time Constrained DARP with Time Windows 
(BTC-DARP, for short) by proposing a two-step approximated procedure based on the epsilon-constraint framework 
and set partitioning mathematical formulations (see also Grandinetti et al., 2014). In particular, in the first step, some 
solutions of the problem, feasible with regard to the capacity, time windows, precedence and pairing constraints, are 
generated by invoking the meta-heuristic of Li and Lim (2003) and the genetic algorithm designed by Hosny and 
Mumford (2010). Then, a bi-objective set partitioning model is proposed with the main intend of taking into account 
both the driver’s point of view and the customer satisfaction. For this reason, we aim of simultaneously optimizing 
the total waiting time of the drivers at nodes, that are reached before the desired time and the maximum total ride 
time spent by the users on board, considering a sub-set of the feasible routes, obtained by removing the ones that do 
not satisfy a-priori the total time length constraint. In this model, an upper bound on the total number of vehicles is 
also imposed.  
The proposed mathematical model is then solved within an epsilon-constraint framework, traditionally used for 
multi-objective programming. With reference to the genetic algorithm proposed by Hosny and Mumford (2010), a 
F-Race algorithm is used for the tuning of the most significant control parameters. A racing algorithm for 
configuring meta-heuristics is described in Birattari et al. (2002). The authors design a procedure in order to 
empirically evaluate the candidate parameter configurations and to discard the bad ones (i.e., the ones against which 
a statistically sufficient evidence exists). As an application example, they apply it for configuring the parameters of 
an ant colony optimization algorithm for solving the Traveling Salesman Problem. The numerical results show that 
the number of candidate configurations is quickly reduced and that the procedure allows focusing on the most 
promising ones. In Yuan and Gallagher (2007), the application of a racing method is described with the aim of 
reducing the computational efforts required by evolutionary algorithms. 
3. A set partitioning mathematical model for BTC-DARP 
In this section of the work, the notation used in the rest of the paper is firstly introduced and then, a set 
partitioning formulation for the BTC-DARP is described. As traditionally proposed in literature, the network of 
interest is represented by a complete and directed graph G=<V, A>. The set V={0, 1, ..., n, n+1, …., 2n} denotes the 
vertices while A the arcs and 0, the depot. The subset P of vertices consists of the n pickup points, whereas D 
contains n delivery points such that V=PD{0}. For each pickup p, a non-negative demand qp >0 is known 
together with a time window [lbp,ubp] and a service time sp. The problem addressed in this work is one-to-one and 
therefore, for each pickup p, its delivery del(p) is also known, such that qdel(p)=-qp, [lbdel(p),ubdel(p)] represents its time 
window and sdel(p) its service time. Moreover, tij denotes the travel time between the nodes i and j. In the case in 
which a vehicle arrives at a node i before lbi, it has to wait until lbi for starting the service and therefore, the waiting 
time Wi at i is evaluated as in the following: 
 
 
 
  
where Di is the arrival time at i. The ride time of a passenger is the difference between the arrival time at his/her 
destination j and the departure time from his/her origin i, as in the following: 
 
 
Therefore, by denoting serv(π) the subset of requests handled in the route π, the total ride time of the route (RTπ) can 
be computed as: 
                     (1) 
 
 
Vi
lblb iiii
i ®¯­ t otherwise0
  if DDW
( , ) ( )j j i i ii j sJ D W D W    
( )
( , ( ))
i serv
RT i del iS
S
J

 ¦
303 Francesca Guerriero et al. /  Transportation Research Procedia  3 ( 2014 )  299 – 308 
 
A limitation T on the total travel time (TTπ) of each feasible route π is imposed. It is worth to note that TTπ is 
computed by summing both the waiting and the service times at the nodes handled in the route π plus the travel time 
between every two consecutive nodes of π. Moreover, a binary |P|×|Π| matrix B is pre-computed where the element 
bjπ is equal to 1 if the pickup j is handled in the route π, 0 otherwise. Finally, the total waiting time (WTπ) of a route 
π denotes the sum of the waiting times at nodes handled in π. 
The BTC-DARP can be modeled as the following set partitioning model: 
                     (2) 
   
                     (3) 
 
                     (4) 
 
 
                     (5) 
 
                     (6) 
 
                     (7) 
                     (8) 
 
where Π  is a set of feasible routes, the binary decision variable xπ is equal to 1 if the feasible route π is selected, 
0 otherwise while the continuous non negative decision variable RTMAX denotes the maximum total ride time. The 
objective function (2) denotes the Total Waiting Time (TWT) of the selected feasible routes, while (3) represents 
RTMAX. The group of constraints (4) assures that each pickup j has to handle in exactly one selected route. The 
constraint (5) imposes an upper bound (m) on the total number of selected routes such as the total number of used 
vehicles. The group (6) controls the total time length of each selected route. Finally, the group (7) imposes that 
RTMAX is greater or equal to the total ride time of each route (pre-computed by (1)). From the model (2)-(8), it is 
evident that a solution of the problem is found by properly selecting a sub-set of feasible routes Π´ from a 
heuristically generated set Π in order to minimize TWT and RTMAX, simultaneously. For generating feasible routes, 
two heuristics are used for properly diversifying Π (the first layer of  Figure 1). The first one is described in Li and 
Lim (2003) where a Tabu Search embedded Simulated Annealing algorithm (TS-SA) for the multi-vehicle PDPTW 
is proposed. It restarts a search from the current best solution after several non-improving iterations. The 
computational results show that TS-SA is able to detect good quality solutions also in case of large scale scenarios. 
The second heuristic, instead, is the genetic algorithm (GA in  Figure 1) proposed in Hosny and Mumford (2010). It 
is worth noting that the authors investigate on the potentialities of a genetic algorithm for the PDPTW in Hosny and 
Mumford (2007) and the objective function is a weighted sum of several components such as TT and WT. To 
configure the control parameters of this algorithm, a F-Race approach (Birattari et al. 2002) is used. GA optimizes 
the combination of three parameters such as the total number of vehicles, the total travel distance and the total time 
duration and it is affected by six main parameters related to both the single route and the solution. In particular, with 
reference to the single route, the weights for the capacity constraint violation (W-CAP), for the time window 
constraint violation (W-TW) and for the maximum distance constraint violation (W-DIST) are taken into account. 
These weights are varied in the following ranges: {0.02, 0.18}, {0.67, 0.7, 0.73} and {0.15, 0.2, 0.25}, respectively. 
It is worth noting that they are normalized and therefore, they sum to 1. As well as  the solution optimization is 
concerned, the weights for the violation on the maximum number of vehicles (W-NumVeic), varied in {0.6,0.7,0.8}; 
for the violation on the maximum travel distance (W-Tot-DIST), varied in {0.01,0.05,0.1}, and for the violation on 
the maximum time duration (W-Tot-DUR), varied in {0.39, 0.25, 0.1} are taken into account. Moreover, the number 
of iterations (NI) is also considered. The tuning of these parameters is performed according to the following concept: 
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if statistically sufficient evidence shows that a configuration is worse than the best current one, it is discarded from 
the set of candidates. Therefore, the three steps (i.e., running the optimization process with different configurations 
of the parameters, statistically evaluating the obtained results and discarding the less promising configurations) are 
performed until either only one candidate configuration remains or the maximum number of iterations (MAX_RUN) 
is reached (as shown in the first layer of  Figure 1). In this work, the Friedman analysis (see Figure 1) with a 
confidence level equal to 90% is used (as in Birattari et al., 2002). The approach has been tested on instances 
generated by Li and Lim (2003). According to the computational results, the best configuration fixes NI=3, W-CAP 
= 0.07, W-TW = 0.73, W-DIST = 0.2, W-NumVeic = 0.7, W-Tot-DIST = 0.05 and W-Tot-DUR = 0.25. The proposed 
BTC-DARP is formulated at the second layer of Figure 1 and it receives as input the Π set. 
4. An approximate solution approach for BTC-DARP 
This section describes an approximate solution approach for the BTC-DARP based on the epsilon-constraint 
framework. For this purpose, two solutions are firstly individuated; each of them is obtained by solving a specific 
mathematical model. The first one minimizes (2) subject to (4)—(8) and its solution is P1=(TWT1, TRT1). Instead, 
the second one minimizes (3) subject to (4)—(8) and its solution is P2=(TWT2,TRT2), such that TWT1≤TWT2 and 
TRT2≤TRT1. These two solutions are used within an epsilon-constraint framework (the last layer of Figure 1). The 
problem P(ɛ1) minimizes (3), subject to (4)—(8) with the following additional condition that properly constraints 
TWT to be less or equal to ɛ1: 
                     (9) 
 
On the contrary, P(ɛ2) minimizes (2), subject to (4)—(8) plus the following additional condition on RTMAX: 
 
                   (10) 
where ɛ1 is varied in [TWT1, TWT2] while ɛ2 in [TRT2,TRT1]. Starting from ɛ1= TWT1, ɛ2= TRT2 and properly 
choosing an increment step, an approximation of the Pareto frontier is generated (see Figure 1). 
 
Figure 1: The proposed solution approach 
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5. Computational Results 
The solution approach has been coded in Java, by using Cplex 12.0 as the optimization solver. In this section, the 
computational results obtained by running the proposed approach on some instances taken from Li and Lim (2003) 
are shown. Lim and Lim generated several instances from the Solomon’s ones (see Solomon, 1987) and grouped 
them into three main distinct classes (LC, LR, LRC). Each of them consists of 100 real users plus several dummy 
points, introduced only for coupling reasons. However, in LC, the customers are clustered; in LR, they are randomly 
distributed and finally, in LRC, they are partially clustered and partially randomly distributed. Five instances of class 
LR and five of class LRC are here tested. For all the problems, the number of available vehicles is 25 with capacity 
200. Moreover, the maximum route duration is set to 240 minutes and routes that present delay times are not 
considered. In order to generate solutions of interest for the decision makers, both the waiting times and the ride 
times are rounded up. Finally, in order to show numerical comparisons, the Weighted Sum method is also 
implemented by considering the objective function (11), subject to (4)—(8):  
 
 
                   (11) 
 
The weights are varied in [0,1] and normalized such that ω2=1-ω1. Table 1 summarizes the computational results on 
the ten instances by running both the Epsilon-Constraint (EC) approach and the Weighted Sum method (WS) where 
ηEC and ηWS denote the number of efficient solutions obtained by EC and WS, respectively. Finally, σEC and σWS 
indicate the number of solutions determined by EC and WS, respectively, dominated by solutions obtained with WS 
and EC, respectively.  
Table 1 clearly shows that the proposed solution approach outperforms the Weighted Sum method, in terms of the 
approximation quality of the Pareto frontiers. In fact, the number of no dominated solutions determined by EC is 
almost always higher than the one of WS and in particular, the average number of no dominated solutions of EC is 
12.2 versus 4.4 of WS. For each of the case studies, the readers can find graphical comparisons between the 
approximated Pareto frontiers of both EC and WS from Figure 2 to Figure 6 where the x-axis represents RTMAX, 
while the y-axis TWT. 
Table 1:Computational results on LR and LRC class 
Problem |Π| ηEC ηWS σEC σWS 
LR101 578 8 3 0 1 
LR102 3,236 24 5 1 2 
LR103 11,167 11 3 2 0 
LR104 15,000 7 3 3 0 
LR105 3,131 16 7 1 1 
LRC101 1,287 24 8 1 1 
LRC102 4,872 10 5 1 2 
LRC103 12,096 5 3 1 1 
LRC104 15,000 3 3 1 1 
LRC105 3,243 14 4 3 1 
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Figure 2: Efficient Pareto Frontiers: LR101 and LR102 
 
 
Figure 3: Efficient Pareto Frontiers: LR103 and LR104 
 
Figure 4: Efficient Pareto Frontiers: LR105 and LRC101 
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Figure 5: Efficient Pareto Frontiers: LRC102 and LRC103 
 
Figure 6: Efficient Pareto Frontiers: LRC104 and LRC105 
6. Conclusions  
In this paper, the Dial-a-Ride problem with Time Windows was addressed, minimizing the total waiting time of 
the drivers at nodes reached early and the maximum total ride time, simultaneously. Moreover, a time limit was also 
imposed on the total duration of each route and the number of vehicles used was taken under control by an upper 
bound. The problem was solved by firstly generating feasible solutions and then, solving set partitioning models 
within an epsilon-constraint framework. The set of feasible solutions was determined by invoking a tabu-embedded 
simulated annealing algorithm and a genetic algorithm, already proposed in literature. In particular, a F-Race based 
tuning was also designed for the control parameters of the genetic algorithm. Computational results were carried out 
on instances taken from literature and numerical comparisons were presented with the Weighted Sum method. 
Further investigations will concern the efficient management of the number of feasible routes considered within the 
epsilon-constraint framework, since it affects the quality of the Efficient Pareto frontiers. 
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